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Available online at www.sciencedirect.comEnvironmental organisms are extremely diverse and only a
small fraction has been successfully cultured in the laboratory.
Culture in micro wells provides a method for rapid screening of
a wide variety of growth conditions and commercially available
plates contain a large number of substrates, nutrient sources,
and inhibitors, which can provide an assessment of the
phenotype of an organism. This review describes applications
of phenotype arrays to anaerobic and thermophilic
microorganisms, use of the plates in stress response studies, in
development of culture media for newly discovered strains, and
for assessment of phenotype of environmental communities.
Also discussed are considerations and challenges in data
interpretation and visualization, including data normalization,
statistics, and curve fitting.
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Introduction
Growth conditions for microbes are as diverse as the
environments they inhabit. Microbes have been found
in all investigated environments so far, which include
Open access under CC BY-NC-ND license. www.sciencedirect.com extremes in pH, redox potential, substrate concentrations,
pressure, and temperature. Owing to the sometimes extre-
mely specific growth requirements of microbes, the use of
multiwell plates for cultivation of distinct organisms has
become well-established for both bacteria and fungi
encompassing a wide array of applications in the environ-
mental, food safety, and medical fields.
Phenotypic microarray technology is growth of microor-
ganisms, either pure culture, community, or consortia, in
multi-well plate each with a different test component in
each well, enabling a screen of the phenotypic character-
istics of the test culture. This technology allows for cultur-
ing in small volumes providing opportunity to perform
many parallel assays in a compact space. Examples of well
components could include but are not limited to C,N,P,S-
sources, amino acids, pH or NaCl tolerance, or antibiotic
resistance. A phenotypic microarray is commercially avail-
able through Biolog, Inc. (Hayward, CA), which provides a
suite of twenty 96-well plates, each containing a different
substrate, stressor, or nutrient [1,2]. This system works by
culturing cells either aerobically or anaerobically [3,4], and
assaying growth colometrically on a microplate reader or
the Omnilog unit (Biolog, Hayward, CA). By comparing
growth in these plates, phenotypic changes can be detected
as strains and environmental conditions are varied. The
plates can also be user prepared, giving greater control and
knowledge of media components.
Key advances in the last few years have extended the
application of growth phenotype arrays to organisms with
special growth requirements. Several publications in
recent years have described novel applications of pheno-
typic microarrays that pave the way towards understanding
environmental microbiology. Some of the most promising
applications lie in defining changes in phenotypes as a
result of genetic manipulation and screening for possible
growth conditions for uncultured organisms. Several pub-
lications have discussed the use of phenotypic microarrays
to assess phenotypes of knockout mutants [5,6,7,8,9,10]
or investigation of chemotactic response [11]. Other appli-
cations use microplates to investigate phenotypic changes
owing to different environmental conditions such as
temperature, antibiotic resistance, or other stressors
[12,13,14,15]. Growth microarrays have also been used
to differentiate function between strains of the same
species [16]. These applications emphasize the need to
confirm genetic predictions with phenotypic profiling.Current Opinion in Biotechnology 2012, 23:41–48
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typic microarrays are described, along with particular
method modifications needed. Most current applications
require the development of proper inoculation, growth
conditions, and assay methods, which are necessary for
reproducible and meaningful results. Also included is a
discussion of current data visualization and data proces-
sing techniques, both of which present challenges
encountered when interpreting PM data.
Anaerobic growth
The PM system was originally designed to profile meta-
bolic activity of aerobic organisms. To assay phenotypes
during aerobic metabolism a tetrazolium salt is used that
is reduced by dehydrogenases and reductases produced
by cells to yield a formazan dye, indicating that the
inoculated organism are actively metabolizing a substrate
in the well. No color change implies that the cells are not
active and the substrate of interest, for example, a specific
carbon source, is not metabolized. For anaerobes,
reduction of the medium is often required and the lower
reduction potential of the media results in abiotic trans-
formation of the tetrazolium salts. However, studies have
demonstrated that formazan dyes can be utilized to
measure activity in growth assays under anaerobic con-
ditions [17,18] if the organism of interest can grow in non-
reduced medium or if the added reductant does not lower
the redox potential below that required to transform the
indicator dye. However in these cases it is possible the
dyes will also not be reduced by the activity of the
metabolizing organism and it may become necessary to
add metabolic boosters such as yeast extract and
increased inoculum concentration to measure activity
of the organism [17,19]. Care should be taken when
choosing the type of dye used, as some measure inter-
cellular and others extra cellular activity, formazan pro-
duced can be water soluble or insoluble, and some dyes
can cause cell death on transformation [20].
Since the Omnilog detector measures opacity, altern-
atives can be found to dyes, usually by finding an indicator
of activity that increases opacity. For the anaerobic sulfate
reducer Desulfovibrio vulgaris (DvH) the medium was
reduced with titanium citrate resulting in an electric
potential of approximately 400 mV, which reduced all
available tetrazolium salts. In this case the chemistry of
DvH provides a useful indicator of metabolic activity on a
substrate: a byproduct of sulfate reduction is the gener-
ation of hydrogen sulfide that complexes with iron and
other metals in the medium to form metal sulfide pre-
cipitates [21]. These blackened precipitates substitute for
the redox dye as an indicator of metabolic activity in the
wells. For this organism, PM panels were assayed in an
anaerobic environment on the PM by first inoculating
panels in an anaerobic chamber and heat-sealing the
inoculated panels into fitted gas impermeable bags [3].
Once sealed the bags can be transferred outside of theCurrent Opinion in Biotechnology 2012, 23:41–48 chamber and incubated anaerobically. The gas and plate
filled bags are seated in place to be read on the PM with a
simple engineering of the trays with clamps.
When using byproducts of growth, such as precipitates
generated by DvH or color change of the tetrazolium
dyes, it must be noted that the assay is a measure of
sulfate reduction or other metabolic activity, which is
possibly a byproduct of growth [22,23]. In addition there
can be significant color change detected by reactions that
can and do occur abiotically by some of the chemical
agents added to the PM wells [3]. This must be taken into
account when discussing a kinetic plot as they are not all
comparable to traditional growth curves. Abiotic reactions
can be assayed by filling wells with sterile or heat-killed
medium.
Alternatively, other assays of growth or metabolism can be
used. With the iron reducing anaerobe Geobacter metallir-
educens a metabolic dye could not be used as it was
reduced by the medium and the turbidity of the final
biomass yield was too low to be detected by the Omnilog
optics [24]. For this Fe reducer, the metabolism of the
organism on substrates of interest was measured by a
colorimetric method utilizing ferrozine to quantify
reduced iron in the wells of the PM plate. With this
method, the PM plates were inoculated and incubated,
but not recorded by the data logging system. Each well
was assayed destructively after incubating for a prescribed
amount of time. In this case the Omnilog can only be used
as an endpoint detector. These assays could potentially
be made high throughput by coupling the Omnilog with
robotics systems (see Figure 1).
Thermophilic growth
The Omnilog instrument has an operating incubating
temperature with a maximum of 45 8C. In the case of
hyperthermophiles such as Sulfolobus sulfotaricus, high
temperature phenotypic profiles were generated using
the PM array in a specialized incubator. Plates were
incubated at 80 8C without deformation of plastic or
destabilization of the dye. It is essential that the panels
be placed inside a humidified chamber to prevent evap-
oration. Activity was then logged as an endpoint or over
time on the Omnilog or other plate reader by removing
the plate from the high temperature incubator and pla-
cing onto data logger for each read.
Media development
Based on phylogenetic marker sequences, the diversity of
known bacteria and archaea is vast. There are an esti-
mated 105 to 109 distinct microbial species or more [25,26]
and only about 11,000 have been described and named
[27,28]. However, in order to understand metabolic func-
tion, regulation, and true diversity, it is necessary to be
able to cultivate microbes. Despite new techniques that
are constantly being developed to increase the number ofwww.sciencedirect.com
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Growth response of Geobacter metallireducens on PM 20 plate using the ferrozine assay.bacteria and archaea in cultivation [29,30], and consoli-
dated efforts to accumulate more genomic information
are being undertaken, such as the Genomic Encyclopedia
of Bacteria and Archaea (GEBA) project [29], only a
relatively small fraction, 0.1–1% are cultivated [25].
Though many species will probably continue to resist
cultivation, large-scale screening of media conditions can
help bring microcolonies or slow-growing organisms into
cultivation at concentrations high enough for study. A
massively parallel screen such as the Biolog platform
offers a fast and thorough way of developing custom
defined media to improve growth. In order to empirically
determine optimal growth conditions for the novel isolate
Enterobacter lignolyticus SCF1, phenotypic arrays were
performed iteratively [31,32]. Starting with the media
that the strain was isolated on, elements were substituted
out (carbon, nitrogen, phosphorous, sulfur); after each
optimum nutrient was determined, that nutrient was
substituted into the next plate. Data from the PM array
were able to demonstrate more robust growth on D-
fructose and to determine that the strain favored
glycine–glutamine (Gly–Gln) over ammonia.
Stress response
The ability of PM plates to measure growth rate for
hundreds of strains in parallel presents an opportunity
for screening single strains under multiple growth con-
ditions using custom plates [33,34]. The MT (‘empty’)
plate mode has been employed to test the response of
individual isolates to conditions of increasing stress, for
example, in the form of ionic liquids. Ionic liquids are
being investigated for their ability to dissolve lignocellu-
lose, with the application to pretreatment of feedstock
plant materials as a first step in converting biomass towww.sciencedirect.com biofuel [35,36]. As molten salts that affect the osmotic
pressure of cells growing in the pretreatment medium,
they are toxic to many laboratory strains [37] and there-
fore identifying host organisms that are resistant to ionic
liquid stress is highly desirable [38].
Comparing Biolog growth curves of isolates tested with
increasing IL concentrations, screening different ILs
used for pretreatment, and testing other stress conditions
such as increasing salt concentrations facilitates an effi-
cient high-throughput approach for analyzing effects of
ILs on microbial respiration and growth. By incubating
parallel cultures in microplates we found that increasing
concentrations of ILs 1-ethyl-3-methyl imidazolium
chloride (abbreviated as [C2mim]Cl) and [C2mim]OAc
affected the growth of isolate E. lignolyticus SCF1 by
extending lag phase, decreasing log phase growth rate,
and reducing final biomass yield owing to premature exit
into stationary phase [31]. We were able to define that
SCF1 can tolerate significant growth in 0.5 M [C2mim]Cl
and 1 M of salts such as NaCl, KCl, NaOH, and KOH, and
that the IL stress response was distinct from the response
to salt. Moreover, we found that growth measured by the
Omnilog instrument was comparable to optical density-
based growth measurements [31]. While some studies
have used Biolog phenotypic microarray for in-depth
comparison and metabolomic profiling of microorganisms
exposed to stressors such as metals [33,39], we believe
that this system is likewise applicable to fast, high-
throughput screening for chemical toxicity effects on
microbial growth and for identification of stress-tolerant,
industry-relevant strains that can grow in the presence of
ionic liquids, organic solvents, acids, bases, salts, or alco-
hols, among many others.Current Opinion in Biotechnology 2012, 23:41–48
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Another novel application of the PM is in the investi-
gation of overall metabolism of microbial communities.
We have collected the carbon source utilization profiles of
two consortia from environments that were affected by
the Macondo oil spill in the Gulf of Mexico [36]. These
two consortia were enrichments from the deep ocean oil
plume and from oil contaminated beach sand from the
nearby coast. Comparison of the carbon source profiles
reflects differences in the carbon metabolism of the two
communities and gave insight into the carbon substrates
to be utilized for the culturing of isolates from these
different environments. In addition we supplemented
the consortia with Macondo oil and dispersant to deter-
mine if this addition would elicit changes in the profiles.
As expected, this PM data clusters by community
(Figure 2), however the analysis highlights the unique
and shared sets of functional capabilities in these two
communities, a subject of further investigation. The
metabolism of the consortia enrichments was not per-
turbed by the addition of hydrocarbons from the oil or
dispersant, suggesting that these two communities were
well adapted to the influx of these hydrocarbons owing to
natural seeps in the environment. Future work includes
comparing these results to microbial community and gene
expression profiles from these environments [36,40].
Some challenges for community growth is choice of
proper growth media, opaqueness that is not related to
growth, and challenges that apply to all laboratory cultur-
ing owing to a microwell that is far removed from the
natural environment of the community. In addition, the
technology is limited to cells grown in liquid culture at
standard pressure, which provides challenges when
extending results to soil, sediment, or deep ocean
environments.
Data analysis and visualization
Data normalization
Results from phenotype microarray measurements can be
susceptible to experimental and biological noise as well as
systematic errors and biases. Thus analysis of PM data may
benefit from targeting removal and normalization of unde-
sirable data features. For example, PM studies, like other
micro-plate or small media volume experiments, are sen-
sitive to the starting number of viable cells in the inoculum.
It is challenging to provide viable cell counts in the
inoculum and it is known that the initial cell count can
significantly affect various growth parameter estimations
from PM results [3]. Therefore a standard step in PM
analysis should be to subtract the initial colorimetric
measurement from all subsequent values in the PM growth
curves. In cases where the initial cell count is expected to
vary or the inoculum is expected to be heterogeneous,
further corrections of the data may be necessary. To correct
for systematic errors and biases, for example, media effects
on the colorimetric measurement, control PM data with no
inoculum should be collected and subtracted from the cellCurrent Opinion in Biotechnology 2012, 23:41–48 growth samples. Furthermore, spatial effects have been
observed to contribute to the data variance in microplate
assays hence it may be beneficial to perform additional
spatial normalizations [41,42]. Finally, standardization is
used to place data from different wells of a PM plate on a
common scale, for example, dividing by the mean of all
wells [43]. To facilitate the biological interpretation of the
data, if a relevant control experiment is possible, and then
log-ratio values can be computed between the treatment
cases and no treatment or between mutants and WT, for
example. These operations on the data may be performed
on the summary values computed from PM growth curves
(e.g. the midpoint), on curve fitting parameters, or directly
on the curves themselves. It is recommended to collect
data on biological replicates as analysis of replicates gives a
measure of experiment quality and can be used to compute
confidence values for conclusions drawn from PM data.
Some challenges in data normalization remain, such as how
to account for biologically mediated interference with the
colorimetric growth assays, how to identify failed or suspi-
cious PM growth experiments, and how to preserve or
accentuate informative features of growth curves. As more
PM datasets accrue it should be possible to develop more
robust normalization techniques based on distributions of
values computed from compendia of PM experiments,
perhaps analogously to Robust Multichip Average
(RMA) normalization for gene expression microarrays [44].
Statistical analysis and visualization
Once the raw PM data has been processed and normalized
the resulting matrix of sample-by-growth condition values
can serve as input for a variety of supervised and unsu-
pervised statistical data analysis. Cluster heatmaps are one
effective way to compute and visualize similarities in data,
providing information on the relationships between PM
growth conditions as well as samples. Such exploratory
analysis aid in confirming hypothesis, in the identification
of outliers, and can provide biological insight based on the
resulting data clusters. These and other analysis are avail-
able, for example, in the multi experiment viewer MeV
[45] as well as a number of packages in R and MatLab.
Significance of the clustering can be assessed using silhou-
ette analysis [46], permutation tests, or by bootstrapping
[47] through resampling the growth condition data for
sample clustering as well as resampling the sample data
for growth condition clustering. A variety of statistical
analyses have been proposed for phenotype microarray
data [48,49] and the choice of method depends on the
specific application. However, a phenotype microarray data
evaluation standard and reference sets are needed by
which to compare these methods as well as the methods
for estimating growth curve parameters.
Curve fitting
Given the high throughput nature of the phenotype
microarray technology, and the amount of detail captured
in the shape of the resulting growth curves, it is surprisingwww.sciencedirect.com
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Figure 2
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This cluster heatmap was generated using the R ggplot2 package with Euclidean distance as the similarity measure and hierarchical clustering with
complete linkage.
www.sciencedirect.com Current Opinion in Biotechnology 2012, 23:41–48
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Figure 3
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Growth curve parameters for the Logistic (dashed) and Gompertz
(solid) model.that many phenotype microarray analyses to date are
based on qualitative comparisons of growth curves, or
based on thresholding on summary values such as maxi-
mum response, average response or total area under the
curve. The latter two parameters are equivalent, but are
dependent on the length of the incubation. Average
response or area under the curve also cannot distinguish
between growth curves with a rapid rise but a low maxi-
mum response level, a long lag time followed by a rapid rise
to a high maximum response level, or a slow but continuous
increase to a high level, even though these are quite
distinct phenotypes that one might want to distinguish.
Rather than condensing the entire growth curve into a
single summary value, its most salient features can be
captured by fitting a well-chosen parametric curve, either
to the absolute or (more commonly) the log transformed
PM data. . . Curve fitting has been used for community
level physiological profiling (CLPP) of microbial com-
munities based on carbon source utilization patterns
[43,50,51], although less frequently for modeling PM
growth curves of isolates [51–53]. The two most com-
monly used and best fitting models are Gompertz and the
logistic model, both of which are sigmoidal models with
parameters to capture the initial lag time l, maximum
growth rate mm, and asymptotic response. Zwietering
et al. [54] compared these and other models to fit 40
growth curves of L. plantarum at different temperatures,
and showed that the Gompertz equation provided a
better fit than the logistic equation for most growth
curves. DeNittis et al. [51] compared both models to
fit 37 curves of average well color development (AWCD)
across Biolog YT microplates for yeast isolates and mixed
communities, and showed that the logistic equation
slightly outperformed Gompertz in this case. While
the logistic curve is symmetrical about the midpoint
t0.5, the Gompertz curve slopes more gently at the upper
than the lower part of the curve (see Figure 3), which may
be a more appropriate model for single-well growth
curves.
Modifying the formulation proposed by Zwietering [54]
to include a lower asymptotic response level ymin and an
upper asymptote ymax we get the following equations:
yðtÞ ¼ ymin þ A= 1 þ exp
4mm
A
ðl  tÞ þ 2
  
Logistic
yðtÞ ¼ ymin þ A exp exp
mme
A
ðl  tÞ þ 1
h in o
Gompertz
The time to reach the midpoint between ymin and ymax is
typically much easier to estimate from the growth curve
than the lag time l, and is related to the above parameters
by t0.5 = l + A/2mm. Both models can be fitted to growth
curves in each well using standard nonlinear optimization
algorithms, such as the nlme() function in the R statistical
environment (http://www.r-project.org), and data fromCurrent Opinion in Biotechnology 2012, 23:41–48 replicates can be used to define confidence intervals on
the parameter estimates, and test for significant changes
in the parameters for the growth curves [52]. Measures of
fit to the curve, or unusual parameter combinations can be
used to filter out anomalous growth curves.
An alternative to parametric curve fitting is to represent
the growth curve based on a few points on the curve. For
example, one could estimate ymin, ymax, t0.25, t0.5, and t0.75
directly from the growth curve data, and these values will
define the curve fairly accurately. However, care must be
taken to filter out any noise that may bias these point
estimates, whereas the curve fitting automatically
averages across the entire growth curve.
Conclusions
Phenotypic profiling is an essential step for understanding
genotype differences, stress response, media design, and
changes in environmental conditions for environmental
microorganisms of interest in contaminant remediation,
biofuels production, and climate change. Each new type
of organism presents a challenge to adapt PM technology
to accurately reflect changes in growth owing to different
substrates and stressors in the plate. Future needs include
extending the technique to extremophiles, cyanobacteria
and algae, and archaea, and also to establish methods of
comparison between strains and mutants owing to differ-
ences in backgrounds, growth rate, and media. It should
be noted that the proprietary nature of the Biolog1 plate
contents makes precise determinations of proper inhibi-
tory concentrations and media components difficult. In
addition in some cases the concentrations of added nutri-
ents may be too low or in a form that is unavailable to thewww.sciencedirect.com
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such as temperature and atmosphere are modified.
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